Annealed Importance Sampling for Neural Mass Models by Penny, W & Sengupta, B
RESEARCH ARTICLE
Annealed Importance Sampling for Neural
Mass Models
Will Penny*, Biswa Sengupta
Wellcome Trust Centre for Neuroimaging, University College London, London, United Kingdom
*w.penny@ucl.ac.uk
Abstract
Neural Mass Models provide a compact description of the dynamical activity of cell popula-
tions in neocortical regions. Moreover, models of regional activity can be connected
together into networks, and inferences made about the strength of connections, using M/
EEG data and Bayesian inference. To date, however, Bayesian methods have been largely
restricted to the Variational Laplace (VL) algorithm which assumes that the posterior distri-
bution is Gaussian and finds model parameters that are only locally optimal. This paper
explores the use of Annealed Importance Sampling (AIS) to address these restrictions. We
implement AIS using proposals derived from Langevin Monte Carlo (LMC) which uses local
gradient and curvature information for efficient exploration of parameter space. In terms of
the estimation of Bayes factors, VL and AIS agree about which model is best but report dif-
ferent degrees of belief. Additionally, AIS finds better model parameters and we find evi-
dence of non-Gaussianity in their posterior distribution.
Author Summary
The activity of populations of neurons in the human brain can be described using a set of
differential equations known as a neural mass model. These models can then be connected
to describe activity in multiple brain regions and, by fitting them to human brain imaging
data, statistical inferences can be made about changes in macroscopic connectivity among
brain regions. For example, the strength of a connection from one region to another may
be more strongly engaged in a particular patient population or during a specific cognitive
task. Current statistical inference approaches use a Bayesian algorithm based on principles
of local optimization and the assumption that uncertainty about model parameters (e.g.
connectivity), having seen the data, follows a Gaussian distribution. This paper evaluates
current methods against a global Bayesian optimization algorithm and finds that the two
approaches (local/global) agree about which model is best, but finds that the global
approach produces better parameter estimates.
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Introduction
Dynamical systems models instantiated using differential equations are a mainstay of modern
neuroscience and provide mathematical descriptions of neuronal activity over multiple spatial
and temporal scales [1, 2]. In imaging neuroscience a widely adopted framework, called
Dynamic Causal Modelling (DCM), has been developed for fitting such models to brain imag-
ing data using a Bayesian approach [3]. This allows inferences to be made about changes in
parameters (eg. effective connectivity) in the human brain using noninvasive imaging data.
There is now a library of DCMs which differ according to their level of biological realism and
the data features they explain. DCM can be applied to fMRI [3], EEG and MEG [4] and inva-
sive electrophysiological data [5].
The Bayesian approach to model fitting in DCM is based on the Variational Laplace (VL)
algorithm [6]. One of its core assumptions, the ‘Laplace Assumption’, is that the posterior distri-
bution is Gaussian. This assumption is typically instantiated by finding the maximum posterior
parameter vector, using numerical optimisation, and making a Taylor expansion around this
value and retaining terms up to second order [7]. It has been found to be more robust than
higher-order moment expansions on empirical data [8]. In VL, the posterior is assumed to fac-
torise into a product of probability distributions, one over latent variables controlling noise vari-
ances and one over model parameters. Each distribution is multivariate Gaussian with mean and
covariance that are iteratively updated to maximise an approximation to the model evidence [6].
The Laplace approximation is attractive because it provides a computationally simple
method for both quantifying posterior uncertainty in model parameters and approximating
the model evidence for Bayesian model comparison.
A theoretical motivation for the the Laplace approximation is that the posterior will tend to
a Gaussian in the limit where the number of data points goes to infinity [9]. But as previously
noted in the context of DCM [10], it is questionable as to whether posteriors are Gaussian for
datasets that are encountered in practice which naturally have a finite number of data points.
The VL algorithm has two potential weaknesses (i) as with any local optimisation method
working in a non-convex domain [11] it may fall into a local maxima and (ii) the distribution
around the maxima may be non-Gaussian.
In this paper we compare VL to Monte Carlo methods in the challenging context of identi-
fying Neural Mass Models (NMMs) [12]. The advantage of Monte Carlo methods is that, pro-
vided the sampling process runs for a sufficiently long time, the samples converge in
distribution to the exact posterior. This obviates the need for Gaussian assumptions but at the
cost of potentially very long sampling times. To address these issues this paper uses the
Annealed Importance Sampling (AIS) algorithm [13] with proposals made using a Langevin
Monte Carlo (LMC) procedure [14]. The use of AIS has two benefits (i) it can accomodate mul-
tiple local maxima and (ii) it provides an estimate of the Bayesian model evidence. The use of
LMC improves convergence properties because proposals are made using local gradient and
curvature information [14, 15].
Previously, the Metropolis-Hastings (MH) algorithm has been used to validate VL in the
context of DCM for fMRI [16]. Whilst these findings are largely consistent with the Laplace
assumption this study is incomplete in a number of respects (i) only results from a single Mar-
kov chain were reported thus raising the possibility that a local maxima was found, (ii) no sam-
ple-based estimate of the model evidence was provided, and (iii) the neurodynamical models
used in fMRI are based on linear dynamical systems, so this finding may not hold for the non-
linear dynamical models [17] underlying other DCMs such as those for M/EEG data.
This paper assesses how well the two Bayesian estimation algorithms (AIS-LMC and VL)
perform inference for NMMs. These models have been chosen as they are highly nonlinear and
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underlie the first proposed DCM for M/EEG data [17]. In order to validate our software imple-
mentation and fine tune parameters of the AIS algorithm, we additionally evaluate these algo-
rithms in the simpler context of linear and nonlinear regression models.
Materials and Methods
In what followsN ðx;m;LÞ denotes a multivariate Gaussian variable x with meanm and preci-
sion Λ. We consider Bayesian inference for data Y, or y, models with parameters w, priors p(w)
and likelihoods p(Y|w) or p(y|w). All models in this paper use Gaussian priors with mean μ and
precision Λ. In the subsections that follow we describe the AIS algorithm and show how LMC
can be used within it to provide proposals. We then describe the linear regression, nonlinear
regression and neural mass models that we will use to test the inference methods. To provide a
convenient reference for some of the underlying concepts we provide supplementary material
on Importance Sampling S1 Text, Fisher Information S2 Text, Neural Mass Models S3 Text,
Variational Laplace S4 Text and Chib’s method for estimating model evidence S5 Text.
Annealed Importance Sampling
Annealed Importance Sampling (AIS) [13] provides samples from a posterior density using a
sequence of densities at a series of monotonically increasing inverse temperatures βj with j = 0..
J, β0 = 0 and βJ = 1. For the jth temperature the algorithm produces a sample from the unnor-
malised density
fjðwÞ ¼ pðyjwÞbj pðwÞ ð1Þ
An independent sample w(i) from the posterior density is produced by generating a sequence
of points w1, w2, . . . wJ as follows
• Generate w1 from p(w)
• Generate w2 from w1 using T1(w2|w1)
• . . .
• Generate wj from wj−1 using Tj−1(wj|wj−1)
• . . .
• Generate wJ from wJ−1 using TJ−1(wJ|wJ−1)
and then let w(i) = wJ. We refer to the process of producing a single independent sample as a
‘trajectory’. The transition densities Tj can be chosen in any of the usual ways for constructing
Markov chains [18] and may themselves involve several steps. The only requirement is that Tj
is chosen to leave fj as the invariant distribution. For example, for a simple density estimation
problem, Neal [13] specified each Tj to be a sequence of Metropolis moves each defined using
an isotropic Gaussian proposal with increasing width. For a linear regression problem with
non-Gaussian priors he employed a Hamiltonian Monte-Carlo (HMC) approach [19]. In this
paper we will use Langevin Monte Carlo (LMC), as recent work shows this to provide higher
effective sample size per unit of computation time as compared to HMC [15].
The above process is repeated i = 1..I times to produce I independent samples from the pos-
terior density. Because the samples are produced independently, without interaction among
trajectories, the AIS algorithm is amenable to ‘embarrassing parallelization’ [20]. Specifically,
trajectories can be assigned to individual computer processors or processor cores thus greatly
speeding up the implementation.
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Each sample is also accompanied by an importance weight
vðiÞ ¼ f1ðw1Þ
f0ðw1Þ
f2ðw2Þ
f1ðw2Þ
f3ðw3Þ
f2ðw3Þ
. . .
fJðwJÞ
fJ1ðwJÞ
ð2Þ
which can be evaluated as
log vðiÞ ¼
XJ
j¼1
bj  bj1
 
log pðyjwjÞ ð3Þ
To avoid numerical overﬂow we ﬁrst create adjusted weights ui
vmax ¼ max ð log vÞ
ui ¼ exp ð log vðiÞ  vmaxÞ
ð4Þ
and let u be the mean adjusted weight. The normalised importance weights are
qi ¼
uiP
iui
ð5Þ
A derivation of the formula for the importance weights is provided in [13] and included in S1
Text. The variance of the importance weights is an indicator of the quality of the approxima-
tion to the posterior density [13].
Annealing schedule. An important choice in any AIS implementation is the annealing
schedule, that is, how to space the βj over the (0, 1) interval. Calderhead and Girolami [21]
show that, for estimates of the model evidence for linear regression models, the annealing
schedule that minimises the Monte Carlo variance has a power-law form. Following [21, 22]
the applications in this paper use a 5th-order geometric annealing schedule
bj ¼
j
J
 5
ð6Þ
Additionally, one must choose the number of trajectories, and number of temperatures per
trajectory. In the original AIS paper [13] I = 1000 trajectories were used with either J = 200 or
1000 temperatures. The AIS algorithm has also been compared to a Variational Bayes (VB)
approach for scoring graphical models [23]. This implementation used only I = 5 trajectories
with J = 16,384 temperatures. Proposals were made using a standard MH step which is perhaps
one reason for the very large number of temperatures required. Only with J> 5000 tempera-
tures did the AIS model evidence estimate exceed that produced by VB (which provides a prov-
able lower bound [7]). In an application of AIS to score differential equation models [24],
I = 10 trajectories with J = 40 temperatures were used along a 4th order geometric schedule,
with a transition kernel implemented using an MH step with 4000 samples at each tempera-
ture. Because LMC provides better proposals than MH we envisage that a finer grained sched-
ule can be used at similar computational expense. This will be examined in the results section
in the context of linear and nonlinear regression models.
Model evidence. The importance weight, or the average importance weight across multi-
ple trajectories, provides an approximation to the model evidence p(y|m) for modelm, as
shown below. This section uses the notation p(y|w,m) and p(w|m) to make it explicit that the
likelihood and prior depend on model assumptions. We define the normalising constant at
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each temperature as
Zj ¼
R
fjðwÞdw
¼ R pðyjw;mÞbj pðwjmÞdw ð7Þ
We then have
Z0 ¼
R
pðwjmÞdw ¼ 1
ZJ ¼
R
pðyjw;mÞpðwjmÞdw
¼ pðyjmÞ
ð8Þ
Therefore
pðyÞ ¼ ZJ
Z0
¼ Z1
Z0
Z2
Z1
Z3
Z2
. . .
ZJ
ZJ1
¼
YJ1
j¼0
rj
ð9Þ
where rj = Zj+1/Zj. We can then write
rj ¼
1
Zj
Z
fjþ1ðwÞdw
¼
Z
fjþ1ðwÞ
fjðwÞ
fjðwÞ
Zj
dw
 1
N
XN
n¼1
fjþ1ðwnÞ
fjðwnÞ
ð10Þ
where the last line indicates a Monte-Carlo approximation of the integral with samples wn
drawn from the distribution at temperature βj. This can in turn be written as
rj ¼
1
N
XN
n¼1
pðyjwn;mÞbjþ1bj ð11Þ
For N = 1 we can therefore see that log p(y) is equal to Eq 3. To avoid numerical overﬂow we
compute the log evidence as
log pðyjmÞAIS ¼ vmax þ log u ð12Þ
We can now see that estimation of the model evidence using the Prior Arithmetic Mean
(PAM) (see S1 Text), in which the average likelihood is computed over samples drawn from
the prior, is a special case of the AIS estimate with just two temperatures, β1 = 1 and β0 = 0. It is
also possible to deﬁne a reverse annealing schedule in which the temperature is gradually
increased and deﬁnes a path from the posterior to the prior [13]. Agreement between forward
and reverse estimates of the model evidence can then be used to ensure one has a sufﬁciently
ﬁne-grained annealing schedule [23]. For reverse schedules the Posterior Harmonic Mean
(PHM) emerges as a special case of AIS with two temperatures (see S1 Text). AIS therefore gen-
eralises both PAM and PHM. In high dimensional spaces PAM underestimates the model evi-
dence because it doesn’t sufﬁciently explore regions of high probability, whereas PHM
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overestimates it because it doesn’t sufﬁciently explore regions of low probability. These prob-
lems are ameliorated in AIS by the use of intermediate densities that form ‘bridges’ as described
in a related method called bridge sampling [25].
In this paper our empirical results are based on forward annealing schedules only. Confi-
dence intervals in model evidence estimates are provided using bootstrapping [26], by resam-
pling the I estimates Nboot = 1000 times with replacement, computing the evidence for each,
and finding the 5th and 95th percentiles. Thus, bootstrapping is implemented over trajectories.
Langevin Monte Carlo
In this paper the transition densities Tj in AIS are implemented using a Langevin Monte Carlo
(LMC) sampler, which leads to proposals being accepted with high probability even for nonlin-
ear and high dimensional inference problems, as it uses information about the gradient and
curvature of the unnormalised density, fj.
The use of LMC follows from the definition of the log joint and its gradient as a function of
w
LðwÞ ¼ log pðyjwÞ þ log pðwjm;LÞ
gðwÞ ¼ dLðwÞ
dw
ð13Þ
A proposal is drawn as
ws  pðws jwsÞ
pðws jwsÞ ¼ N ðws ;m;CÞ
m ¼ ws þ
1
2
CgðwsÞ
C ¼ h2ðLþ FÞ1
ð14Þ
where Λ is the prior precision, ws is the sth sample, and h is a step size parameter (ﬁxed at 0.5
for all applications in this paper). The quantity F is the Fisher Information matrix (see S2 Text)
and quantiﬁes the precision of the parameters conferred by the data. This has analytic forms
for many probabilistic models such as logistic regression [14] and is readily computed for dif-
ferential equation models using an approach based on forward sensitivity analysis [27, 28].
The Metropolis-Hastings (MH) criterion is then applied to accept proposals with probabil-
ity
r ¼ pwðw

s Þ
pwðwsÞ
pðwsjws Þ
pðws jwsÞ
ð15Þ
where pw(ws) = exp[L(ws)]. The proposal is always accepted if r> 1. We set wsþ1 ¼ ws if the
sample is accepted and ws+1 = ws if it is rejected.
The above proposal (Eq 14) has the same functional form as the Simplified Manifold
MALA algorithm as applied to ODEs [14, 27]. Here the ‘manifold’ is defined by C andm and
its computation has been ‘simplified’ as the curvature has been assumed to be locally constant.
For Gaussian likelihoods, this same local linearity assumption is also the basis of the Gauss-
Newton optimization algorithm [29].
In the usual application of LMC [14, 15], Eqs 14 and 15, are repeatedly applied until one
obtains samples from the posterior density. However, in this paper we use LMC to provide a
single sample at each temperature in an AIS trajectory. Specifically, the transition kernel, Tj
−1(wj|wj−1), starts at ws = wj−1 and produces wj ¼ ws using the modiﬁeld log joint Lj−1. This
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modiﬁcation requires multiplication of the likelihood, gradient and Fisher information by
βj−1. The LMC updates are otherwise identical. Because LMC is used to produce only a single
sample at each temperature the total number of LMC steps is equal to the number of
temperatures.
We now briefly comment on the computational scalability of the combined AIS-LMC algo-
rithm. Because AIS is based on importance sampling its accuracy is proportional to the number
of annealing runs (“trajectories”) [13]. As trajectories are independent, and can be assigned to
cores on multiple core computer architectures, the accuracy will therefore scale with the num-
ber of cores (at almost no increase in computer time). For a fixed number of cores computer
time scales linearly with the number of trajectories. The computational bottleneck within each
AIS trajectory is the evaluation of the gradient of the log joint and the Fisher information,
required for each LMC step. These quantities can be efficiently computed for ODE models
using forward sensitivity or adjoint methods [27, 28]. The computation time of these methods
scales linearly with the length of time series being modelled, and adjoint methods are typically
more efficient than forward sensitivity methods if the number of parameters is much larger
than the number of dynamical states.
Linear Regression
In multiple linear regression an [N × 1] data vector y is generated as
y ¼ Xbþ e ð16Þ
where X is an [N × p] design matrix, β is a [p × 1] vector of regression coefﬁcients, and e is an
[N × 1] zero-mean IID Gaussian noise vector with entries having variance σ2.
Nonlinear Regression
To provide a simple nonlinear model with multiple maxima, we consider a regression model
where the parameters of interest are nonlinearly related to the regression coefficients
y ¼
X
i
xibi þ e
bi ¼ w2i
ð17Þ
This model will have multiple maxima over the various combinations of positive and negative
values of wi.
We also consider an exponential approach-to-limit or ‘approach’model where
yðtÞ ¼ 60þ Va 1 exp ðt=tÞ½  þ eðtÞ ð18Þ
with parameters w1 = log τ and w2 = log Va. This models the ramping up of a voltage from −60
to −60 + Va with a time constant τ, and has the same mathematical form as Biochemical Oxy-
gen Demand (BOD) models [30] previously used to evaluate Bayesian inference methods [31].
Neural Mass Models
Single region. In Neural Mass Models (NMMs) [17], postsynaptic potentials (PSPs) at
excitatory synapses are related to firing rates via convolutions with synaptic kernels
voutðtÞ ¼ heðtÞ  sðvinÞ ð19Þ
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where the population ﬁring rate function
sðxÞ ¼ 1
1þ exp ðr1ðx  r2ÞÞ
 1
1þ exp ðr1r2Þ
ð20Þ
has parameters r1 and r2, and the synaptic kernel is given by an alpha function
heðtÞ ¼
He
te
t exp ðt=teÞ ð21Þ
with magnitudeHe and time constant τe. Inhibitory synapses are similarly deﬁned but with ker-
nels hi(t) and parameters Hi, τi.
The activity of a single neocortical unit is then defined by the convolution equations
vi ¼ g3sð~vpÞ  he
vs ¼ sðuÞ þ g1sð~vpÞ
h i
 he
vpe ¼ g2sð~vsÞ  he
vpi ¼ g4sð~viÞ  hi
vp ¼ vpe  vpi
ð22Þ
where vpe and vpi are potentials at excitatory and inhibitory synapses in the pyramidal cell pop-
ulation, ~v denotes the potential after a delay δii due to signalling delays among the different
populations within a single brain region. Following [17] a ﬁrst order Taylor series approxima-
tion is used to capture these delays, ~v ¼ v  dii _v . The connection strengths among neural pop-
ulations are speciﬁed by the parameters γ1..4. These within-region values are also referred to as
the ‘intrinsic connectivity’.
Each of the above convolution equations can be written as a second order differential equa-
tion, or two first order DEs, as shown in [12] (see also S3 Text). Thus a single cortical unit has
Nx = 9 state variables. The input to the cortical region, u, is a surrogate for event-related sub-
cortical brain activity and is specified by a Gaussian function peaking at 64ms post-stimulus
with width 16ms.
Two region model. David et al. [17] describe how cortical units can be connected into
hierarchical networks that follow known anatomical connectivity patterns [32]. A two region
network with forward connection a21 (from region 1 to 2) and backward connection a12 is
shown in Fig 1. The convolution equations for this network are given in S3 Text.
There are two between-region or ‘extrinsic’ connectivity parameters (a12, a21) and two
extrinsic delay parameters (δ12 and δ21). Additionally, we have four ‘intrinsic’ connectivity
Fig 1. Neural massmodel of two cortical regions in a hierarchical network. The first unit receives
thalamic input u, and projects output vp(1) via a forward connection of strength a21 to region 2. The second
unit produces output vp(2) and projects it via a backward connection of strength a12 to region 1.
doi:10.1371/journal.pcbi.1004797.g001
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parameters (γ1..4) and parameters of firing rate functions (r1 and r2) that are constrained to be
identical in each region. This gives a total of Np = 10 neurophysiological variables to estimate.
The intrinsic delay parameters (δ11, δ22—one for each region) are assumed known. The syn-
aptic time constants (τe, τi) and synaptic response magnitudes (He, Hi) are fixed to be the same
for all regions, and are also assumed known. This two region neural mass model has Nx = 18
state variables. The differential equations are integrated to produce time series of currents and
potentials for each population in each cortical unit, at Nt time points. The resulting ‘neuronal
state matrix’ X is of dimension [Nx × Nt]. The generative model is then specified as
Y ¼ L2X þ e ð23Þ
where L2 is a matrix that picks off the pyramidal cell activities in each of the regions, and e is
zero mean Gaussian noise. For the simulations in this paper Y is therefore a [2 × Nt] data
matrix containing the pyramidal cell activities of each of the brain regions. In applications to
empirical M/EEG data [17, 33] an [Nd × Nx] lead ﬁeld matrix L is used to model Event-Related
Potentials (ERPs) at Nd sensors.
We assume that the noise variance on the sth output (where s = 1..2) is s2s . The model likeli-
hood is therefore
pðY jwÞ ¼
YT
t¼1
Nðyt; y^ t;C1e Þ ð24Þ
where w are the parameters, y^ t ¼ L2xt and Ce ¼ diagðs2s Þ. The unknown neurophysiological
variables are related to model parameters according to the transformations shown in S1 Table
which enforce positivity and constrain parameters within a physiologically plausible range.
The Gaussian prior over model parameters has zero mean μ, and Λ−1 is a diagonal matrix with
entries of 0.16 for the ﬁrst two parameters (a12 and a21) and 0.0625 for the rest. The above
choice of parameter transformation and prior are the same as that used in DCM for ERP [33].
Testing for Normality
As the VL algorithm assumes that the posterior distribution is Gaussian it will be interesting to
see if this is indeed the case. We use Royston’s test for multivariate normality [34] using a
Matlab implementation by Trujillo-Ortiz et al [35]. This is a multivariate extension of the Sha-
piro-Wilks test and we apply it to Monte Carlo samples from the posterior densities produced
by AIS. As these samples are independent there is no need for ‘thinning’ or assessments of
Effective Sample Size [36].
Software
The algorithms on which this research is based have been implemented in Matlab in the
‘Monte Carlo Inference (MCI)’ toolbox and will be distributed as part of a forthcoming release
of the Statistical Parametric Mapping (SPM) package. AIS and LMC, for example, are imple-
mented in the spm_mci_ais.m and spm_mci_lgv.m functions available in the subdirectory
/toolbox/mci/inference/.
Variational Laplace
The Variational Laplace (VL) algorithm is instantiated in the SPM software [33] (in the func-
tion spm_nlsi_GN.m) and described elsewhere [6, 37]. We also include a brief mathematical
description in S4 Text. In VL, the posterior is assumed to factorise into a product of probability
distributions, one over latent variables controlling noise variances and one over model
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parameters. Each distribution is multivariate Gaussian with mean and covariance that are itera-
tively updated to maximise an approximation to the model evidence [6]. Importantly, the mul-
tivariate nature of each Gaussian allows parameter dependencies to be accommodated. This
optimiser is the standard approach used for the majority of DCM applications in neuroimag-
ing. Known noise variances (see below) are implemented for the VL algorithm by setting the
prior over the log noise precision to have a mean corresponding to the true (known) value, and
a variance of 10−8 (i.e. very tight).
By default, the implementation of VL in SPM initialises parameters at the prior mean. A
simple way of potentially handling optimisation problems with multiple maxima, however, is
to run the VL algorithm multiple times where each run is initialised using a different sample
from the prior. We will refer to this procedure as Multistart VL.
Results
We present results on linear and nonlinear regression models to demonstrate the effect of the
number of temperatures J and trajectories I in AIS. The algorithms were run on a high-end
desktop computer (Hewlett Packard Z440) with 32G memory, 8 cores, and a 64-bit operating
system. All the results are derived from synthetic data for which the ground truth parameters
are known. Following other recent comparisons of inference algorithms for differential equa-
tion models [15, 21, 38, 39], our simulations assume that the noise variances are known for
models with Gaussian likelihoods.
All AIS results were produced using a fifth order geometric annealing schedule and the pos-
terior mean was computed using the mean over trajectories. The AIS implementation was par-
allelized using the Matlab Parallel Computing toolbox such that independent ‘pool workers’
(in this case cores) were assigned to different trajectories. The distribution of normalised
importance weights, ui, is characterised in two ways. Firstly, by the entropy. For I trajectories
the maximum entropy is log2 I e.g. 5 bits for I = 32. Secondly, by the number of significantly
non-zero values, Iq, which we define as the number above 0.01.
Linear Regression
We first provide results on a multiple linear regression model, as there are analytic formulae
for the posterior distribution and model evidence [7], and the Laplace approximation is exact.
This comprised p = 7 regressors chosen from a discrete cosine basis set over N = 20 ‘time
points’, with additive noise of standard deviation σ = 0.2. The prior variances, L1pp were set to
10 for each regressor and the prior means, μp to zero. The regression coefﬁcients were drawn
from the prior.
The AIS algorithm was applied to this data using J = 512 temperatures and I = 32 indepen-
dent samples. We fitted the true model (with 7 regressors) and a reduced model to the same
data but this time using only the first 6 regressors.
Using the 32 samples produced by AIS, we could not reject the hypothesis that the posterior
was Gaussian using Royston’s test for the full (p = 0.67) and reduced (p = 0.68) models. This is
of course to be expected as the posterior distribution is indeed Gaussian for linear regression
models [7]. For the full model, the normalised importance weights had high entropy, H = 4.07,
and many trajectories had significant weight, Iq = 21.
The AIS estimates of the log model evidences for the full, log p(y|m = f), and reduced mod-
els, log p(y|m = r) and the corresponding log Bayes factor, and computation times, are provided
in Table 1. The estimates very closely match the analytic values. Note that the VL estimates cor-
respond to the analytic values for the case of linear regression [7]. We then re-estimated the
evidences using different numbers of AIS samples and temperatures, with results plotted in
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Fig 2. Theses results show good agreement with analytic values for J = 128 and above. The
error bars on AIS model evidence estimates were computed using bootstrapping (over trajecto-
ries) as described in the section on ‘Annealed Importance Sampling’, in the subsection on
‘Model Evidence’.
Nonlinear Regression
Multiple maxima. We now report results for the nonlinear regression model that was
designed to have multiple maxima. This model has two independent variables, x1 and x2,
Table 1. Evidence and Bayes Factor Approximations (Single Run).
Model Estimate Time(s)
VL AIS VL AIS
Linear, LogEv, Full -11.02* -11.00 0.005 15.4
Linear, LogEv, Red -23.97* -23.94 0.002 3.1
Linear, LogBF 12.95* 12.94 - -
Approach, LogEv, Full -73.88 -73.77 0.58 19.4
Approach, LogEv, Red -783.62 -783.61 0.02 2.9
Approach, LogBF 709.74 709.84 - -
Neural Mass, LogEv, Full 1524.1 1563.6 22 5290
Neural Mass, LogEv, Red 1288.4 1293.4 24 4610
Neural Mass, LogBF 235.74 270.2 - -
These results are for a single run of each inference algorithm (AIS or VL). AIS estimates from I = 32 samples and J = 512 trajectories. The results for the
linear model here* are for the analytic solution, which also corresponds to the VL solution.
doi:10.1371/journal.pcbi.1004797.t001
Fig 2. Linear regression. AIS approximations of log evidence for a ‘full’ model with 7 parameters (top left),
and a ‘reduced’ model with 6 parameters (top right) as a function of number of temperatures J. These
approximations use I = 16 (blue), I = 32 (red) and I = 64 (magenta) trajectories. The black lines show the
equivalent analytic quantities. The bottom left plot shows the difference between the AIS estimated log Bayes
factor and the true value. Vertical lines span the 5th and 95th percentiles from bootstrapping.
doi:10.1371/journal.pcbi.1004797.g002
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corresponding to two components of a discrete cosine basis set (the first two from the linear
regression problem described above). The priors were set to be the same as for the linear regres-
sion simulation but the observation noise was increased to σ = 0.5. AIS was run using the same
parameters as before and Fig 3 shows samples from the posterior density which lie in all of the
four posterior modes. The normalised importance weights had lower entropy than for the lin-
ear regression model, H = 3.42, and fewer trajectories with significant weight, Iq = 16. We can
reject the hypothesis that the posterior is Gaussian using Royston’s test (p = 10−12). Thus AIS is
able to accomodate multiple maxima as expected, and we correctly infer that the posterior is
non-Gaussian. AIS is able to find the different maxima by virtue of employing multiple trajec-
tories. Fig 3 also shows the posterior mean for VL. We also ran Multistart VL (see section on
Variational Laplace) with 32 starts and, as expected, it was also able to identify each of the four
maxima. The posterior distribution for this example is multimodal and is therefore not well
represented by the posterior mean. The AIS samples do, however, collectively provide a good
description of the posterior distribution.
Approach to limit. We now report results for the approach-to-limit model. Data were
generated with parameters Va = 30, τ = 8 and Gaussian observation noise variance of unity.
The prior has mean μ = [3, 1.6]T and precision Λ = diag ([16, 16]). A ‘reduced’model was
defined as only having the Va parameter, thus producing a constant prediction over the time
interval.
The AIS algorithm was applied to this data using J = 512 temperatures and I = 32 indepen-
dent samples. Using the 32 samples produced by AIS, we could not reject the hypothesis that
the posterior was Gaussian using Royston’s test (p = 0.96). The estimates of the model evi-
dences and Bayes factors, shown in Table 1, agree very well with those from VL. The normal-
ised importance weights had high entropy, H = 4.27, and many trajectories had significant
weight, Iq = 21.
Fig 3. Log posterior of nonlinear regression model with multiple maxima. The true parameters arew1 =
w2 = 2. The circle denotes the prior mean. Samples from the posterior density as computed using AIS are
shown as white dots (in each of the four maxima), and the blue cross close to the true parameters denotes the
VL posterior mean.
doi:10.1371/journal.pcbi.1004797.g003
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Fig 4 shows the AIS approximation to the log model evidence, using I = 32 samples, as a
function of the number of temperatures J. We see good agreement with VL for J larger than
128. These simulation results were based on a second data set from the approach model created
by sampling parameters from the prior and producing time series as above (because this is a
different data set the log evidence values are different to those in Table 1).
Neural Mass Models
To produce the following results the differential equations underlying the neural mass models
(see S3 Text) were integrated using implicit backward-differentiation formulas (BDFs) and the
resulting nonlinear equations solved using Newton’s method as implemented in the CVODES
software [40]. With a relative tolerance of 10−2 and an absolute tolerance 10−4 this algorithm
took an average of 75ms (averaged over ten runs) to produce the time series for the two-region
model. This was lower than the 229ms for Matlab’s ODE15s integrator and the 90ms for SPM’s
(implemented in the function spm_int_L.m). Both VL and AIS model estimation approaches
therefore used the CVODES implementation. For the LMC algorithm used in AIS, gradients
were computed using a forward sensitivity method as implemented in CVODES. For VL, gra-
dients and curvatures were computed using central differences as implemented in the SPM
function spm_nlsi_GN.m.
The simulations that follow make use of the two-region neural mass model depicted in Fig 1
and described above. We generated data from a model with strong forward and backward con-
nections. This is specified using the parameter values w1 = w2 = 1 which set the connections a21
and a12 according to S1 Table. The other parameters were set to zero. Data was then generated
from the model as described above using zero mean additive Gaussian noise having standard
deviation σs = 0.01. The resulting time series are shown in black in Fig 5. The priors over model
Fig 4. Approach-to-limit model. AIS approximation of log evidence (red line) as a function of number of
temperatures J. Vertical lines span the 5th and 95th percentiles from bootstrapping. These approximations
use I = 32 samples. The VL approximation is shown as the black line.
doi:10.1371/journal.pcbi.1004797.g004
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parameters for Bayesian model fitting are as described at the end of the above subsection ‘Two-
Region Model’ in the section on ‘Neural Mass Models’.
We then fitted two models to the data using AIS, a ‘full’model, which has the same structure
as the model from which the data were generated, and a ‘reduced’model which did not have
the backward connection. We used I = 32, J = 512 and model estimation took 5290s and 4610s
for the full and reduced models. The estimated log model evidences were 1563.6 for the full
model and 1293.4 for the reduced model, corresponding to a Log Bayes Factor of 270.2 in
favour of the full model. Using the 32 samples produced by AIS, we could not reject the
hypothesis that the posterior was Gaussian using Royston’s test for the full (p = 0.32) and
reduced (p = 0.15) models.
The AIS acceptance rates, aj, averaged over the I = 32 trajectories, showed a gradual decrease
with βj. Averaging aj over the high temperatures (βj< 0.5) gave a value of ahigh = 0.43 and over
the low temperatures of alow = 0.19. These acceptance rates show that the cost function is being
sufficiently explored and are in line with other Bayesian annealing methods [38]. The normal-
ised importance weights had lower entropy than for the previous models above,H = 2.59, and
fewer trajectories with significant weight, Iq = 12.
We also fitted the full and reduced models using VL, which took 22s and 24s (using 19 and
22 VL iterations) respectively. The estimated log model evidences were 1524.1 for the full
model and 1288.4 for the reduced model, corresponding to a Log Bayes Factor of 235.74 in
favour of the full model. Thus, the VL and AIS estimates agree reasonably well for the reduced
model (within 0.4 per cent) but not for the full model (within only 2.5 per cent). Which are we
to believe?
As described in S1 Text, it is also possible to use the VL posterior as a proposal density to
provide an importance sampling estimate of the model evidence, without using any annealing.
We refer to this procedure as ISVL and used it to generate 1000 samples. ISVL is highly compu-
tationally efficient, requiring only 90s of compute time. The estimate of the log evidence was
1562.8 for the full model which agrees very well with the AIS estimate (within 0.05 per cent).
Fig 5. Time series from neural massmodels. The bottom figure shows the pyramidal cell potential in
region 1 for the full model (black) and reduced model (red). The top figure shows the same for the pyramidal
cells in region 2. The reduced model is identical to the full model except that it does not have the backward
connection from region 2 to 1. All time series contain additive Gaussian observation noise with standard
deviation σs = 0.01.
doi:10.1371/journal.pcbi.1004797.g005
Annealed Importance Sampling for Neural Mass Models
PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004797 March 4, 2016 14 / 25
Fig 6 plots the log evidences and log Bayes factor as a function of the number of tempera-
tures J. These indicate that a fine-grained temperature resolution J is required to obtain good
results. We also note that the log joint probability, L (see Eq 13), of the posterior mean AIS
solution increases with J, with values of L = 1583, 1584, 1588, 1589 for J = 64, 128, 256, 512.
The log joint probability of the true parameters is L = 1589, whereas the log joint of the VL pos-
terior mean is only L = 1157.
Fig 7 plots the posterior densities from fitting the full model for VL and the AIS solution
with J = 512. The estimates are generally in agreement but the AIS posterior means are closer
to the true parameter values (w1 = w2 = 1, w3 to w10 equal to 0) for eight out of ten parameters.
This is reflected in the higher joint probability mentioned above. Given that we know the true
parameters we can also compute the Root Mean Squared Error (RMSE) between true and pos-
terior mean parameters. For VL this is 0.21 and for AIS it is 0.11.
Multiple runs. Perhaps it is not surprising that AIS has found a better solution given that
it requires 240 times as much computer time (for the full model and with J = 512). We there-
fore compared AIS to a Multistart VL procedure (see above description in the section ‘Varia-
tional Laplace’) using 240 multi-starts, so as to equate computation time with AIS. The best
solution had a log joint of L = 1428. The remaining solutions had a log joint of less than
L = 1275, with 84% having 1130 L 1175. Our initial solution (with L = 1157) is therefore
fairly typical. On this evidence multi-start VL doesn’t seem to be the best strategy.
Both AIS and VL will produce slightly different results over different runs of the algorithm
(sampling trajectories for AIS, initialisations for VL). To quantify this variation we ran each
algorithm twenty times and report the mean results and standard deviations for estimates of
the log Bayes Factors, log joint density and RMSE in tables 2, 3 and 4.
The VL estimates of LogBF for the neural mass model have very low standard deviation, a
point which we will comment on further in the next subsection. The corresponding AIS esti-
mates have a standard deviation (or Monte Carlo error) of 5.27. However, this is a small
Fig 6. Two-region neural massmodel: Temperature discretisation. The red lines indicate the AIS
approximation of log evidence for full model, log p(y|m = f) (top left), log evidence for reduced model, log p(y|
m = r) (top right), and log Bayes factor for full versus reduced, as a function of number of temperatures J. The
vertical lines span the 5th to 95th percentiles from bootstrapping. These approximations use I = 32 samples.
The black lines show the equivalent quantities for VL.
doi:10.1371/journal.pcbi.1004797.g006
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proportion of the absolute value of 271.86. For smaller Bayes factors we expect the AIS Monte
Carlo error to be commensurately smaller [13]. This was confirmed by running AIS ten times
on the same neural mass models, but with data (additive noise) chosen to produce a signal to
noise ratio of unity (see next section). The mean Log Bayes Factor was 11.14 with a standard
deviation of 0.66.
To provide an indication as to what level of performance other MCMCmethods can pro-
vide, we also implemented an Adaptive Monte Carlo (AMC) approach which has been applied
to related problems [39, 41]. Specifically we implemented “Algorithm 4” in [42] (which we
refer to as AMC4) and collected 2000 samples. The proposal density was adapted for the first
600 samples, and these were then discarded as burn-in. The remaining 1400 samples provided
the estimate of the posterior density and were used to compute the model evidence using the
Fig 7. Two-region neural massmodel: Posterior densities.Univariate posterior densities from a single
model fit for AIS (red) and VL (black). The vertical lines span the 5th to 95th percentiles and the circles denote
the posterior means. AIS provides better estimates for eight out of ten parameters.
doi:10.1371/journal.pcbi.1004797.g007
Table 2. Evidence and Bayes Factor Approximations (Multiple Runs).
Model VL AIS AMC4-PHM AMC4-Chib
Linear, LogEv, Full -11.02* -11.07 (0.39) -0.62 (3.49) -11.31 (0.48)
Linear, LogEv, Red -23.97* -24.00 (0.31) -14.09 (1.84) -24.06 (0.24)
Linear, LogBF 12.95* 12.94 (0.49) 13.48 (3.49) 12.75 (0.56)
App, LogEv, Full -60.85 (0.02) -60.85 (0.27) -57.42 (0.29) -60.86 (0.04)
App, LogEv, Red -662.67 (0.00) -666.52 (0.13) -664.36 (0.59) -666.53 (0.02)
App, LogBF 605.68 (0.02) 605.67 (0.33) 606.94 (0.63) 605.67 (0.05)
NMM, LogEv, Full 1524.11 (0.00) 1563.12 (1.22) 1405.94 (130.88) 1476.05 (50.73)
NMM, LogEv, Red 1288.37 (0.00) 1291.26 (5.10) 63.81 (567.51) 451.93 (541.37)
NMM, LogBF 235.7 (0.01) 271.86 (5.27) 1342.13 (599.68) 1024.13 (559.24)
AIS estimates from I = 32 samples and J = 512 trajectories. The results for the linear model here* are for the analytic solution, which also corresponds to
the VL solution. Entries shows the mean values from 20 runs of each algorithm with standard deviations shown in brackets. ‘App’ denotes the Approach
model and ‘NMM’ the two-region neural mass model.
doi:10.1371/journal.pcbi.1004797.t002
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Posterior Harmonic Mean (PHM) method (see equation 9 in S1 Text). As the PHM is known
to overestimate the model evidence we also implemented Chib’s method [43]. This uses sam-
ples from the posterior density and an additional set of samples produced by applying the pro-
posal density to a chosen parameter vector (e.g. posterior mean). For completeness, this is
described in S5 Text.
Whilst AMC4 worked well for the linear and approach models (with PHM overestimating
the model evidence, as expected) it does not work so well for the neural mass model, as the
model evidence approximations are highly variable.
Although AMC4 was run with a modest number of samples this was the same number as in
[39], and results were not improved by running the algorithm for longer (we tried collecting
38,000 samples with 3,000 adaption/burn-in). Moreover, we implemented another AMC
approach which had two separate phases of adaption (i) tuning of a global scaling parameter
for 300 samples, to ensure acceptance rates of between 20 and 40 percent, (ii) tuning of pro-
posal covariance for 300 samples using updates in [44]. Results were again not improved.
Effect of signal to noise ratio. The results presented so far have been found in a very high
Signal to Noise (SNR) regime, using a very small value for the observation noise standard devi-
ation (SD). Here the SNR is defined as the ratio of the observation noise SD to the signal SD in
one of the brain regions (taken arbitrarily to be region 2). So far we have used SNR = 16.
Figs 8 and 9 show results for simulations in which the SNR was varied over a broad range.
The results indicate that VL and AIS are generally in agreement, with monotonically increasing
estimates of the log evidence as a function of SNR. For both VL and AIS, the log Bayes factors
Table 3. Log Joint Density of Posterior Mean (Multiple Runs).
Model VL AIS AMC4
Linear, Full -11.74* -11.87 (0.06) -12.07 (0.40)
Linear, Red -24.67* -24.78 (0.06) -24.78 (0.10)
App, Full -54.83 (0.02) -54.97 (0.03) -54.83 (0.00)
App, Red -662.67 (0.00) -662.70 (0.05) -662.67 (0.00)
NMM, Full 1158.12 (13.57) 1588.43 (1.09) 1509 (51.27)
NMM, Red -15911.88 (214.35) 1330.18 (5.50) 477.96 (541.59)
AIS estimates from I = 32 samples and J = 512 trajectories. The results for the linear model here* are for
the analytic solution, which also corresponds to the VL solution. Entries shows the mean values from 20
runs of each algorithm with standard deviations shown in brackets. ‘App’ denotes the Approach model and
‘NMM’ the two-region neural mass model.
doi:10.1371/journal.pcbi.1004797.t003
Table 4. RMSE between Posterior Mean and True Parameters for Full Model (Multiple Runs).
Model VL AIS AMC4
Linear 0.57 * 0.58 (0.04) 0.57 (0.05)
App 0.015 (0.004) 0.013 (0.008) 0.016 (0.003)
NMM 0.21 (0.00) 0.11 (0.01) 0.38 (0.13)
AIS estimates from I = 32 samples and J = 512 trajectories. The results for the linear model here* are for
the analytic solution, which also corresponds to the VL solution. Entries shows the mean values from 20
runs of each algorithm with standard deviations shown in brackets. ‘App’ denotes the Approach model and
‘NMM’ the two-region neural mass model.
doi:10.1371/journal.pcbi.1004797.t004
Annealed Importance Sampling for Neural Mass Models
PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004797 March 4, 2016 17 / 25
in favour of the full model are increasingly positive with data generated from the full model,
and (generally) increasingly negative with data from the reduced model.
There are a number of discrepancies, however, with larger disagreements at high SNR.
Overall, AIS tends to produce higher estimates of the log evidence. This is shown more clearly
in S1 and S2 Figs for data generated from the full model. ISVL estimates of the model evidence
(obtained using 10,000 samples) are also on the high side but have large error bars.
Fig 8. Data from ‘full’ neural massmodel: Effect of SNR. Estimates of the log model evidence for full
model, log p(y|m = f), and reduced model, log p(y|m = r), and Bayes factors for full versus reduced for VL
(black) and AIS (red) over a range of SNRs.
doi:10.1371/journal.pcbi.1004797.g008
Fig 9. Data from ‘reduced’ neural massmodel: Effect of SNR. Estimates of the log model evidence for full
model, log p(y|m = f), and reduced model, log p(y|m = r), and Bayes factors for full versus reduced for VL
(black) and AIS (red) over a range of SNRs.
doi:10.1371/journal.pcbi.1004797.g009
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Additionally, the ISVL estimates for the reduced model at high SNR were roughly 1000 or
more less than for AIS/VL and had huge error bars, so were not plotted on the same figure. We
therefore conclude that ISVL is unreliable.
At low SNRs the AIS acceptance rates, aj, averaged over the I = 32 trajectories, were rela-
tively constant over βj whereas for high SNRs there was a gradual decrease with βj. For example,
at SNR = 2, ahigh = 0.53 and alow = 0.48 whereas at SNR = 8, ahigh = 0.49 and alow = 0.34.
As earlier, our AIS posterior means tend to have higher log joint probability, L, than those
from VL. This is demonstrated in Fig 10 which plots the increase in L (over baseline VL) as a
function of SNR. Here our baseline VL result uses the standard approach of initialisation with
the prior mean. A multistart VL approach, however, can also produce better solutions. We
used 240 multistarts as before. The maximum number of VL iterations over all multistarts was
42 (which did not exceed our maximal number of 128) and this individual model fit took 58s.
Fig 10 plots the improvement offered by the best Multistart VL solution over the standard one
showing, for example, an increase of ΔL = 73 at the highest SNR. Overall, however, we find the
improvement offered by AIS to be superior, with an increase of ΔL = 300 at the highest SNR.
Perhaps surprisingly, there was hardly any improvement (or variation) in estimates of the
VL model evidence or Bayes Factors over multistarts. As shown in S4 Fig, the variations in Log
Bayes Factors are no greater than 0.1 (Bayes Factor = 1.1). Thus, for this neural mass model,
VL model inferences show no meaningful variation over multistarts (according to [45] Bayes
factors of less than 3 are ‘barely worth a mention’). This is to be contrasted with large variations
in the posterior mean over parameters (which led to the improvements in Multistart over base-
line VL in Fig 10—see also S3 Fig). This result can perhaps be understood by noting that the
model evidence approximation is the cost function that is optimised by VL, as contrasted to
more standard Laplace approaches which find parameters that maximise the log joint.
In our initial (high SNR) comparison of AIS and VL estimates of model evidence the dis-
crepancy was larger for the full than for the reduced model (see Fig 6). This did not translate,
however, into an incorrect sign in the resulting log Bayes factor as the difference between full
Fig 10. Data from ‘full’ neural massmodel: AIS versus Multistart VL. The red curve plots the difference in
log joint of the posterior mean from AIS versus that from VL, LAIS − LVL, and the black curve plots the
difference in log joint for the best multistart VL versus VL, LMVL − LVL.
doi:10.1371/journal.pcbi.1004797.g010
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and reduced model evidences dominated. A potential concern therefore is that when the model
evidences of two models are more similar, errors in evidence estimates will result in errors in
log Bayes factors that could produce radically different inferences. However, examples of when
model evidences are more similar are provided in the low SNR regimes in Figs 8 and 9. Fig 8,
for example, shows that even at the lowest SNR VL agrees with AIS in correctly favouring the
more complex model. To examine this further we repeated the simulations at even lower SNR.
The results in S5 Fig show, reassuringly, that as the SNR reduces to zero so does the log Bayes
Factor (it does not become negative); VL Bayes Factors therefore do not show a bias towards
simpler models. Additionally, the VL algorithm exhibits similar behaviour in the context of
DCM for fMRI (see eg. Fig. 2 in [37]).
The p-values from Royston’s tests for the various data sets are provided in S2 and S3 Tables.
Results are provided for both 32 and 64 AIS trajectories. Most conservatively, considering the 40
multiple statistical comparisons a Bonferroni-corrected p-value of 1.25 × 10−3 or less would be
seen as significant at the nominal 0.05 level. Given this threshold there is one significantly non-
Gaussian posterior distribution. More descriptively, seven of the ten tests with 64 trajectories on
data from the full model (two rightmost columns of S2 Table) have p-values of less than 0.05.
We can therefore summarise these results by saying we have evidence for non-Gaussianity.
Discussion
Annealed Importance Sampling has a number of appealing properties. It can provide accurate
estimates of the posterior parameter distribution and of the model evidence by avoiding local
maxima and without making assumptions of Gaussianity. Samples from AIS converge in distri-
bution to the true posterior density. Sub-optimal model evidence approximations [46] based
on the Prior Arithmetic Mean (PAM) or Posterior Harmonic Mean (PHM) emerge as special
cases of AIS with only two temperatures. Unlike Markov chain Monte Carlo methods, the sam-
ples produced are not serially correlated thus making any corrections involving effective sam-
ple size unnecessary.
We have described an implementation of AIS using a transition kernel based on an LMC
sampler. The use of LMC here is critical as it allows proposals to be made based on local gradi-
ent and curvature information. Our empirical results show that the resulting proposals are
accepted with probabilities in a desirable range (similar to the target of 20 to 40% in Zhou et al.
[38]) even for nonlinear dynamical systems models at low temperature.
We have compared AIS to inferences based on the VL approximation in the context of neu-
ral mass models. In terms of the estimation of Bayes factors, the two methods agree as to which
model is best but report different degrees of belief, especially at high signal to noise ratio. AIS
tends to produce higher model evidence estimates both for optimal and suboptimal models.
AIS finds better parameter estimates than does VL, as quantified by the joint log probability,
especially in data regimes with high signal to noise ratio. A possible explanation as to the
dependence on SNR could be that there are more or deeper local minima at high SNR. More-
over, a multistart VL procedure with computer time matched to AIS does not find better solu-
tions. Additionally, we found evidence of non-Gaussianity in the AIS posteriors. Thus it
appears that AIS is useful due to its ability to avoid local maxima, and its ability to characterise
non-Gaussian parameter posteriors.
We have also used an Importance Sampling procedure to estimate the model evidence. This
method, which we’ve referred to as ISVL, is highly computationally efficient as it uses the pos-
terior from VL as a proposal density, but it proved unreliable. Similarly, other more standard
approaches such as AMC worked well on linear and nonlinear regression problems but it was
not possible to derive good AMC-based model evidence estimates for neural mass models.
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In order to apply AIS one must decide upon an annealing schedule and in this paper we
used a 5th-order geometric schedule, discretised using 512 temperatures and explored using 32
trajectories. This proved sufficient over a range of statistical models from linear and nonlinear
regression to nonlinear differential equation models. Our empirical work has shown that the
required number of temperatures and trajectories did not show a strong dependence on the
number of model parameters or model nonlinearity. However, the need to specify the paramet-
ric form of the schedule, number of temperatures and trajectories is clearly a weakness of the
AIS approach and is an area of ongoing research.
Previous work in this direction has focussed on the Sequential Monte Carlo (SMC) method
which can be viewed as a generalisation of AIS. SMC represents probability densities using par-
ticles, as in the particle filter, but is applied at a sequence of temperatures rather than to a
sequence of temporally ordered data. In particular Zhou et al. [38] have shown how SMC can
be used for model comparison. Automatic annealing schedules can be derived by resampling at
every temperature so as to maximise the effective sample size of the particle ensemble. An alter-
native approach grounded in statistical physics is based on the notion of contact flows and
thermodynamic processes [47].
A potential drawback of SMC as compared to AIS, however, is that because particles interact
during optimisation, SMC is not amenable to embarrasing parallelisation. Additionally, an
application of SMC to nonlinear differential equations [38] used a similar number of tempera-
tures as we do (500 as compared to our 512) but used many more trajectories (1000 as com-
pared to our 32). This suggests that SMC may be more computationally demanding. Another
development in this direction is Langevin Importance Sampling [48] which does not require
specification of an annealing schedule as temperatures are sampled using Langevin dynamics.
This flexibility again comes at the cost of interaction among trajectories (or particles) and
therefore also compromises parallelisation.
Beal [23] has also suggested interesting ways of improving AIS. First, automatic annealing
schedules could be produced by introducing finer graining of temperatures in regions of the
path for which forward and reverse estimates are inconsistent. Second, Eq 11 suggest that better
model evidence estimates could be produced by generating more samples at each temperature.
This algorithim would then become more similar to thermodynamic integration [46] which,
however, is naturally more computationally demanding than AIS [24].
Whilst our model fitting using AIS was parallelised over multiple cores, alternative efforts
can be made to speed up implementation. For example, Wang et al. [49] have shown how the
integration of neural mass models can be implemented on Graphical Processing Units (GPUs),
resulting in a reduction of computing time by a factor of approximately seven. Additionally,
Aponte et al. [50] have pursued a similar GPU approach for DCM for fMRI and shown how it
can be used in the context of model evidence computation using thermodynamic integration.
This GPU approach has been used to estimate parameters of DCM for fMRI models using an
Adaptive Monte Carlo algorithm, again resulting in an order of magnitude reduction in com-
putation time [41]. See also [51] for generic methods for parallelisation of single Markov
chains.
Dynamical models have also been fitted to neuroimaging data using a range of global opti-
misation methods. For example, mean field models have been fitted to EEG using particle
swarm optimisation [52] and stochastic nonlinear oscillator models have been fitted to EEG
using a multi-start algorithm [53]. Additionally, DCMs have been fitted to fMRI data using a
method that combines local search with Gaussian process approximation [41]. This method
provides better parameter estimates than VL with only a modest increase in computational
cost (much less than AIS). However, like the other global optimisation methods (see also [54]),
it does not produce an estimate of the posterior distribution or model evidence.
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This paper has compared the ability of VL and AIS to make inferences about two-region
neural mass models based on simulated data. These simulations are a caricature of the DCM
for ERP approach [17] as they are simplified in a number of respects (i) we have fixed parame-
ters such as time delays between regions, synaptic time constants and synaptic response magni-
tudes, to known true values, (ii) we have not estimated observation noise, (iii) we have used
only two brain regions whereas most practical applications use upwards of four [55–57], (iv)
we have assumed that the electrical activities of brain regions are directly observed, rather than
being filtered through a lead field matrix to produce observations in M/EEG sensor space, (v)
we have used simulated rather than empirical M/EEG data. Further work will be needed to
establish whether the findings from our caricature follow over to DCM for ERP.
This paper has used an independent model optimisation approach to compute Bayes fac-
tors, in which the evidence is computed separately for each model of interest. But in the context
of AIS one can traverse a path from the posterior of one model to the posterior of another, with
the resulting importance weights providing a direct approximation of the corresponding Bayes
factor [13]. Direct computation of Bayes factors in this way is also possible in the context of
SMC and a transdimensional AIS algorithm [58]. If one has a nested model, as in the empirical
NMM examples in this paper in which the reduced model is nested within the full model
model, Savage-Dickey approximations can also be used [59]. It would be interesting to com-
pare Savage-Dickey against the direct path integral methods based on AIS.
This paper has explored one method for combining VL and sampling methods, ISVL, in
which the VL posterior is used as a proposal density for importance sampling. However, this
method did not provide good estimates of the model evidence. Other proposals for combining
sampling with variational methods view the sequence of samples produced by a Markov chain
as auxiliary variables in a variational inference problem [60]. An alternative approach, pro-
posed in [13] would be to use AIS to traverse a path from the VL posterior to the true posterior
at a series of intermediate temperatures, another interesting avenue for future work.
Supporting Information
S1 Text. Importance sampling.
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S2 Text. Fisher information.
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S3 Text. Neural mass models.
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S4 Text. Variational laplace.
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S5 Text. Chib’s estimate of model evidence.
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S1 Fig. Model evidence estimates for neural mass model: Low SNR. Estimates of the log
model evidence for full model, log p(y|m = f), and reduced model, log p(y|m = r), at low SNR.
Vertical lines indicate 95% confidence intervals.
(TIF)
S2 Fig. Model evidence estimates for neural mass model: High SNR. Estimates of the log
model evidence for full model, log p(y|m = f), and reduced model, log p(y|m = r), at high SNR.
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Vertical lines indicate 95% confidence intervals.
(TIF)
S3 Fig. VL estimates of log joint over multiple restarts. Estimates of the log joint for full
model, log p(y|m = f), over multiple restarts and range of SNRs. The baseline VL value (initiali-
sation from prior mean) is shown in red.
(TIF)
S4 Fig. VL estimates of Log Bayes Factors over multiple restarts. Estimates of the Log Bayes
Factor for full versus reduced models, over multiple restarts and range of SNRs. Data was gen-
erated from the full model. The baseline VL value (initialisation from prior mean) is shown in
red.
(TIF)
S5 Fig. VL estimates of Log Bayes Factors at very low SNR. VL estimates of the Log Bayes
Factor for full versus reduced models in very low SNR regime. Data was generated from the full
model and the graph plots the mean and 95% confidence intervals computed over 5 data reali-
sations at each SNR.
(TIF)
S1 Table. Neural mass model: Parameter transformations.
(PDF)
S2 Table. Neural mass model: Gaussianity tests on full models.
(PDF)
S3 Table. Neural mass model: Gaussianity tests on reduced models.
(PDF)
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